A rich literature links knowledge inputs with innovative outputs. However, most of what is known is restricted to manufacturing. This paper analyzes whether the three aspects involving innovative activity -R&D; innovative output; and productivity -hold for knowledge intensive services. Combining the models of Crepon et al. (1998) and of Ackerberg et al.
Introduction
A robust literature confirms that firm size is a significant factor for the decision to invest in R&D and for subsequent innovation output (see, inter alia, Czarnitzki and Hottenrott 2011 , Hall, Lotti and Mairesse 2009 , Baumann and Kritikos 2016 . Yet, the existing research into how R&D-investments affect firm innovative performance and, ultimately, firm productivity mostly concentrates on the manufacturing sector or does not differentiate among sectors. Empirical research on the innovative activities of firms in the service sector has only recently started. 1 Given the shift toward services in highly developed economies, as reflected by much higher start-up rates 2 , it is increasingly important to better understand whether and, if so, how firms in knowledge intensive services (KIS), are able to engage in and benefit from innovative activities, as such firms have the largest innovation potential in the very heterogeneous service sector.
There are not only similarities but also differences between firms in KIS-industries and manufacturing that may affect innovation processes, such as different capital requirements for starting a business, different labor and qualification requirements, the physical production location, and the tangibility of output. This influences the industryspecific minimum efficient firm size. Consequently, while in the manufacturing sector the majority of individuals is employed in large firms, the opposite is true for knowledge intensive services. Obvious questions arise. Given that a strong and positive relationship between firm size and the probability of engaging in innovation activities is consistently found in manufacturing, does the large share of micro firms in knowledge intensive services mean that the great majority of these firms abstain from innovation? 1 See, inter alia, Lööf and Heshmati (2006) , Mairesse and Robin (2010) , Musolesi and Huiban (2010) . 2 For instance, in Germany there are around two start-ups per 10,000 employees in the manufacturing sector, of which only about every fourth (i.e. 0.5 per 10,000 employees) is considered to have the potential to innovate. By contrast, the number of new businesses in the knowledge intensive services is significantly higher. Since 1998, annually, an average of 5.6 start-ups per 10,000 employees are founded in the KIS industries (see Konon, Fritsch and Kritikos 2018) .
Therefore, this study addresses three research questions: First, to what extent do firms that offer knowledge intensive services conduct R&D activities in order to become more innovative. Second, does the link between innovation input, innovation output, and productivity work in this part of the service sector in a similar way to manufacturing. Due to the paucity of compelling studies investigating whether small scale imposes a burden in terms of potential threshold levels for success of R&D investments, the third question is to what extent firm size matters in the service sector with respect to the decision to invest in new knowledge?
For our analysis, we use the IAB-establishment panel, which is a representative annual German survey of micro-, small-, and medium-sized firms that offers information on all industries in all firm size classes. Subjecting these data to systematic analysis enables us to contribute to the existing literature in three important ways: First, we provide empirical evidence on the triad relationship between innovation input, innovation output, and productivity in the KIS part of the service sector, also in comparison to manufacturing. Second, we differentiate between firm size, focusing on those firms in the KIS industries where the majority of employees work, i.e. the micro firms, and investigate whether the positive relationship between firm size and innovation probability also holds for KIS industries. Finally, we explicitly take the timing of the innovation process into account. While many previous studies rely on cross-sectional data and assume simultaneity between innovation inputs, their output, and productivity (see Hall 2011), we are able to exploit the panel structure of our data. More importantly, we extend the structural model of Crepon et al. (1998) by incorporating the structural model developed by Ackerberg et al. (2015) at the third stage of the innovation process. Therefore, this study is of high relevance to the literature, as our analysis contributes to the discussion of a causal relationship between innovation output and firm productivity.
We find that knowledge intensive service firms of all size classes are able to turn innovative input into innovation output. We further show that this newly produced knowledge causally leads to higher labor productivity, and that both findings thus hold for KIS firms in a similar way to manufacturing. However, the role of firm size is disparate across industry sectors: While larger firm size bestows advantages for innovation and productivity in manufacturing, our findings suggest that small firms in knowledge intensive services are less burdened by an inherent size disadvantage.
The rest of the paper is organized as follows. In Section 2, we review the empirical findings on the link between R&D inputs and innovative outputs, before explaining and documenting the relevance of KIS industries in the economy. We then make some theoretical considerations on how and why decisions to engage in R&D, as well as the ensuing innovative output, may differ between manufacturing and knowledge intensive services. Data and summary statistics are reported in the third section. Section 4 outlines the estimation strategy. The empirical results, robustness checks and the discussion of limitations are presented in section 5. A summary and conclusions are provided in the final section of the paper.
The Service Sector and the Relationships between R&D, Innovation, and Productivity

Previous Research
Firms engage in R&D activities in order to upgrade the quality of their products, increase sales, or reduce production costs, ultimately fueling productivity increases. In economics, the most prevalent approach to analyzing innovation at the firm level traces back to Griliches (1979) , who introduces an augmented Cobb-Douglas production function that explicitly includes knowledge as an input, along with capital and labor, and links it to productivity. This framework describes the process from investment in research to productivity growth using past and present R&D expenditures to approximate the state of technical knowledge and to estimate its effect on productivity. A vast empirical literature follows this concept, confirming the validity of the knowledge production function and
showing that R&D investment is positively related to firm productivity (see surveys by Mairesse and Sassenou 1991 , Griliches 1998 , Griffith, et al., 2004 Hall, et al., 2010 . Crepon, et al. (1998) introduced a structural equation model (the "CDM model") that connects the approach of Griliches (1979) with a knowledge production function similar to Pakes and Griliches (1984) 3 . The model, which relates R&D effort to its determinants, includes an innovation equation that links R&D effort to innovation output, as well as a productivity equation that links innovation output to productivity. The framework proposed by Crepon et al. (1998) has become the workhorse model for empirical analyses and is used to examine the elasticity of productivity to R&D investment through innovation at the firm level, for instance by harnessing data collected as part of the Community Innovation Surveys (CIS Pakes and Griliches (1984) introduce a knowledge production function and show that firm's R&D efforts increase the level of technological knowledge. 4 The CIS collect firm level data on the innovativeness of European enterprises, and use standardized approaches to data collection as specified in the Oslo Manual (OECD/Eurostat 2005).
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finds innovation output to be positively correlated with labor productivity (see Mairesse and Mohnen 2010 , Hall 2011 , Mohnen and Hall 2013 .
Panel data are increasingly employed (e.g. Hall, Lotti and Mairessee 2013 , Siedschlag and Zhang 2015 , Czarnitzki and Delanote 2017 , Hall and Sena 2017 and some studies are taking dynamic feedback effects into account (Huergo and Jaumandreu 2004 , Raymond, et al. 2015 , Baum, et al. 2017 . Few studies using the CDM model and its variations have examined whether there is a causal relationship from innovation to productivity, rather than a mere correlation. Raymond, et al. (2015) account for lags and feedback effects, and find such a unidirectional link in unbalanced panels of manufacturing firms from three CIS waves in France and the Netherlands. Hall and Sena (2017) mitigate the issue of endogeneity in the productivity equation by explaining productivity with innovation output variables of the preceding year, but do not consider possible persistence in productivity using feedback effects. Di Ubaldo and Siedschlag (2017) link three waves of the Irish CIS with two further micro data sets for the years 2005 to 2012 and explain productivity based on observations for the previous year. Peters, Roberts, Vuong and Fryges (2017) analyze the relationships between research, innovation, and productivity using a dynamic structural model of a firm's decision to engage in R&D that is contingent on R&D expenditure and prospective payoff. They consider that R&D costs are, for the most part, sunk and incurred up front, while a potential payoff may be delayed and subject to uncertainty. Peters, Roberts and Vuong (2017) extend this approach to investigate the influence of a firm's financial fitness on the links between R&D, innovation, and productivity as well as profits.
Parallel to this, CDM-studies started taking heterogeneity into account, e.g. by separately analyzing subsamples they distinguish between aspects like firm size (Baumann and Kritikos 2016) , sector (Siedschlag und Zhang 2015) , sector and firm size (Hall and Sena 2017) , technological intensity (Hall, Lotti and Mairesse 2009 ), as well as sector, and technological or knowledge intensity (Baum, et al. 2017) . Hall, Lotti and Mairesse (2009) and Baumann and Kritikos (2016) explicitly examine the relationships between R&D, innovation, and productivity in SMEs in the manufacturing sector, the latter being the first on micro firms. Both studies find that SMEs produce substantial innovation output and that some firms do so without formal R&D investments. Further, their estimates show that firm size is positively associated with a firm's ability to produce innovation output. Moreover, in line with previous studies for larger firms, they find that R&D intensity has a significantly positive influence on the likelihood of having innovation and that micro and small firms in the manufacturing sector are able to turn innovation output into higher productivity.
The majority of research on the relationship between R&D, innovation, and productivity is confined to manufacturing firms (see e.g. Mohnen and Hall 2013) . Notable studies further analyzing the service sector separately from the manufacturing sector in developed economies include Lööf and Heshmati (2006) , who follow the concept of the for the manufacturing sector in CIS3 and CIS4 as well as the services sector in CIS4.
They find similar results for each of the two sectors: primarily product innovation raises labor productivity, while process innovation has an insignificant or marginal influence. Musolesi and Huiban (2010) show that ICT investment boosts innovation, being more relevant to services than manufacturing, while R&D has no effect on innovation output in service firms.
Also using CIS data, Segarra-Blasco (2010) estimate a variant of the CDM model that considers product, process, organizational innovation and patent applications as dichotomous variables. The study finds heterogeneity between manufacturing and service firms, as well as between low-and high-tech firms in both sectors. Most notably, small and young KIS firms, especially those in the high-tech sector, are inclined to carry out R&D, intensively invest in innovation and are involved in product, process, organizational and marketing innovation. 7 Musolesi and Huiban (2010) also show that firms from the knowledge intensive services producing intangible goods, use the same inputs for producing innovation output as manufacturing firms. This is why, when it comes to the analysis of innovative activities, the same conceptual framework (i.e. the knowledge production function of Grilliches, 1979) should be applied for these firms as for manufacturing firms. Peters et al. (2018) estimate an augmented CDM model using CIS data on the service sector in Germany, Ireland, and the United Kingdom, covering the 2006 to 2008 period and including firms with at least 10 employees. Measuring innovation input in terms of innovation investment instead of R&D investment and considering product, process, organizational, and marketing innovation output, they find that innovation in the service sector is associated with higher productivity and that, in contrast to Musolesi and Huiban (2010) , marketing innovation has the strongest link to productivity.
However, all six studies face data limitations. They lack information on a number of aspects, such as firms with fewer than 10 employees (or in case of Lööf and Heshmati (2006) , Mairesse and Robin (2010) , as well as Musolesi and Huiban (2010) on fewer than 20 employees), i.e. the huge number of micro firms in this sector. They also lack information on material, on high-skilled employees (with the exception of Lööf and Heshmati (2006) , and Segarra-Blasco (2010) like most CDM studies on manufacturing, are cross-sectional, and are only able to make statements about correlation, but not causation between innovation and productivity.
The Role of Knowledge Intensive Services in the German Economy
The knowledge intensive service firms, consisting of firms in the two industries of "ICT"
and "scientific and technical services," comprise an important part of the German economy. In 2014, these two parts of the service sector covered 23 percent of all establishments in Germany, contributing 17 percent to the German gross value added and accounting for 13 percent of all employees. For comparison, 26 percent of all jobs were in the manufacturing sector, which contributed 34 percent to the nation's gross value added. 8 Figure 1 : Share of Firms by Size Class and Economic Sector in Germany (2014) Source: Federal Statistical Office Germany (2018); own calculation and representation. Figure 1 illustrates that the preponderance of firms having fewer than 250 employees, for which Germany is famous, holds even more so for knowledge intensive services: 90 percent of all firms are micro firms, having fewer than 10 employees while in manufacturing only 64 percent are micro firms. The importance of these micro firms, in terms of employment, is shown in Figure 2 . While the majority of employees work for firms with at least 250 employees in manufacturing, the opposite is true for the knowledge intensive services. In KIS, the highest share of individuals -just over 30% -work for a firm with fewer than 10 employees. These figures suggest that, on the one hand, a considerable and important part of the economy remains underexplored with respect to potential innovation activities and, on the other hand, that in terms of employment micro firms matter significantly more in the knowledge intensive services than in the manufacturing sector. 
Firm Size and Innovation Processes in the Service Sector
One commonality throughout the existing research that analyzes R&D, innovation, and productivity in the manufacturing sector is the key role played by firm size (Acs and Audretsch 1987 , Acs, Audretsch and Feldman 1994 , Cohen and Klepper 1996b . In terms of the decision to invest in R&D, there are compelling reasons suggesting that firm size will have a positive relationship to R&D investments. Theory revolves around the two conditions driving this decision: opportunity and appropriability.
In terms of opportunity, there are two reasons why access to investment funds for R&D tends to be limited for smaller firms. The first is that the lower level of profitability associated with small firms reduces the internal finance available for investing in R&D (Mairesse und Mohnen 2002) . The second is that smaller firms are more informationally opaque for financial institutions than are larger firms, making it more difficult for providers of external finance to assess the quality of the projects proposed for funding (Berger and Udell 2002) . Therefore, smaller firms are more likely to face financial constraints when seeking external finance (Stiglitz and Weiss 1981, Czarnitzki and Hottenrott 2011). 9 In terms of the second dimension, smaller firms are limited in their ability to appropriate the returns accruing from R&D investments, since the scale of their production and sales is inherently limited (Cohen and Klepper 1996b) . This may particularly hold for firms that engage in R&D for the first time, due to sunk start-up costs (Peters, Roberts and Vuong, et al. 2017) , explaining why investment opportunities in R&D are more limited in small companies relative to their larger counterparts. Robust and consistent empirical evidence finds a positive and significant relationship between firm size and R&D investment (Cohen and Klepper 1996a , Hall, Lotti and Mairesse 2009 , Cohen 2010 , Czarnitzki and Hottenrott 2011 , Baumann and Kritikos 2016 .
Since R&D is a key component in the knowledge production function, it would seemingly follow that small firms are burdened by an inherent innovation disadvantage.
However, it is important to emphasize that most of the findings, and even theory, apply to manufacturing (Gallouj and Weinstein 1997) . Considerably less is known about firms outside of manufacturing when it comes to the relationships between R&D, innovation, and productivity, and how these relationships are influenced by firm size.
Both the production and innovation processes are among KIS firms, to an extent, different from manufacturing in that they may affect a firm's R&D investment decision.
Focusing on the production process per se, KIS firms generate more customized knowledge products than do manufacturing firms (see also Gallouj and Weinstein (1997) ). Therefore, the role of scale economies in producing such intangible goods may 9 Peters, Roberts and Vuong (2017) extend this discussion of how the availability of financial resources influences a firm's ability to invest in R&D. They argue that a poor financial status may deter businesses from engaging in R&D and find that R&D investments of firms with a sound capital base are more likely to yield innovation output. Their estimates show that the long-term returns to R&D increase with a firm's financial fitness.
be less relevant in the larger part of knowledge-intensive services (except for networkbased services). Further, higher real capital requirements (e.g. in terms of machinery) may facilitate a larger scale of output which in turn is more conducive to innovative activity and enhances productivity in manufacturing, where scale and efficiency are positively related. This may not necessarily hold for knowledge intensive services in the same way, as there are lower capital requirements. Hence, in most parts of knowledge intensive services, firm size may not play the same role in influencing decisions about R&D investment as it does in manufacturing. 10
There are to some extent also differences between firms in KIS-industries and manufacturing that are directly related to innovation processes (see e.g. Forsman 2011).
First, the process of creating innovative products is different in KIS industries. Because capital requirements are generally lower among KIS firms than in manufacturing, producing innovative products or developing new processes that improve the delivery of products also tend to be less capital intensive, and therefore requires relatively low investments (see also Table 1) . Similarly, it is also less resource intensive in terms of the R&D work force, and there might be no need for a physical production site to produce a new service product or to implement a new production process.
A further issue relates to the question of the extent to which formal R&Dinvestments in the service sector produce new knowledge in the same way it does in manufacturing. First of all, we observe that, in knowledge intensive services, the majority of R&D expenditures (75%) are used to finance R&D workers (Stifterverband 2017) , clarifying that R&D spending is mainly invested into highly educated "brains" and less into machines or equipment. Moreover, there is an ongoing discussion to what extent innovation output is produced without formal investment into R&D. Empirical research shows that even in manufacturing a certain share of firms produce innovative output without a formal R&D budget. This issue of formality might be more important in the context of knowledge intensive services. Individuals producing knowledge on a daily base may directly observe opportunities for innovation and, thus, are more frequently able to contribute to the generation of new knowledge during their routine work, even in the absence of formal R&D spending in the classical sense (de Jong and Marsili 2006) .
Overall, these considerations make clear that not only should the minimum efficient firm size in KIS industries be smaller than in manufacturing, but also that both opportunity and appropriability may influence R&D decisions in KIS firms differently from manufacturing. There might be lower threshold levels and reduced financial constraints, allowing us to posit that differences in firm size should be less important in the decision to engage in innovative activities.
Based on these considerations, we analyze the following research questions: First, we aim to reveal to what extent firms offering knowledge intensive services are investing in R&D to become more innovative. We also aim to find out to what extent do KIS firms generate innovation output without formal R&D. Second and more crucially, we causally examine whether the link between innovation and productivity works in this part of the service sector similar to the manufacturing sector, i.e. whether the ability to innovate affects firm productivity. Third, we investigate in two ways the extent to which firm size is a burden in the service sector, namely when the decision is made to engage in innovation, and when firms aim at translating innovation input into output.
Data
This study uses the IAB Establishment Panel (IAB-EP), an annual survey of approximately 16,000 establishments with at least one employee liable to social security. (Maaß and Führmann 2012) . The main disadvantage of the IAB-EP is that it considers establishments instead of firms. Yet, the overwhelming majority of MSME are single-establishment firms, which is why this disadvantage is a minor issue.
Therefore, we will also speak of firms throughout the rest of the paper.
In line with the MSMEs definition of the European Commission (European observations with complete information for all variables used in our estimates. 13 In our analysis, we concentrate on observations for establishments that are active in either the manufacturing industry or knowledge-intensive services (Gehrke, et al. 2013) . The latter contains firms in the areas of information and communication, as well as in professional, scientific and technical activities. Establishments in the financial services and insurance sector are excluded. We have access to waves from 2009 to 2014. Note that the questionnaire of each wave addresses two different points in time. Questions regarding inputs and the economic output, such as sales or innovation, refer to the previous year ( − 1). Labor related questions such as education of workers, but also the question regarding R&D refer to the current year ( ). Therefore, we rearrange the data so that all variables refer to the same year. After the data cleaning the final sample consists of 12,297 observations in total, of which 9,317 belong to manufacturing industries and 2,980 are in the knowledge intensive services. 14 Consequently, and contrary to CIS data, we observe R&D and innovation in the same year and do not need to assume that firms continuously invest in R&D. 15 Table 1 shows the descriptive statistics for those variables used in the analysis for both manufacturing and service firms, with the latter also separated by size classes. It reveals that KIS firms are considerably different from manufacturing firms. They have lower sales, make lower investments, use less material and intermediate inputs, and also employ less labor per firm. As the comparison with Table A .1 in the appendix shows, this also holds when we compare the two industries within size classes.
While 28 percent of all manufacturing units in the dataset report R&D engagement, only 19 percent of KIS firms do. In these services, the share of large SMEs (50-249 employees) engaging in R&D is almost 4 times higher than that of micro enterprises (1-4 employees). Moreover, in both sectors, manufacturing and services, another 30 percent of all firms report an innovation without stating a formal R&D engagement so that the overall innovator share is little less than 60 percent among manufacturing, while among all KIS firms nearly every second firm innovates. This differs between firm size classes, where 36 percent of the very micro firms in the KIS sector report a successful innovation, and 73 percent among medium sized firms. Interestingly, the share of firms stating an 14 The total number of observations before any cleaning is 33,164. Dropping the large firms reduces this number to 26,728. We further drop observation with missing data on sales, labor, and material, etc. This reduces the dataset to 19,513 observations. After the final rearrangement, we have 12,297 observations. 15 CIS data observe R&D in while innovation is observed in to .The usual assumption is, when using CIS data, the firms invest in R&D continuously. innovation without formal R&D engagement is increasing in KIS industries from 29 percent among micro firms to 41 percent among medium-sized firms.
Nearly all service firms innovating report a product innovation. This share ranges from 35 to 72 percent between the smallest and medium sized KIS firms. Process innovation relating to the implementation of new processes that improved the service provision within the firm is reported less often, ranging between 10 percent for the very micro firms and 40 percent for the largest ones. In this context, we should also emphasize that in KIS industries a product often denotes a customized service process. Therefore, incremental product innovation and process innovation tend to be to a certain extent "synonymous" (Gallouj and Weinstein 1997, 542) which is why it is difficult to clearly differentiate between product and process innovations in the KIS industry.
Firms from the knowledge intensive services also differ with respect to the share of high skilled employees: at 22 percent, this share is significantly higher than in manufacturing. This is not only driven by SMEs. The share is at 11 percent for micro firms in KIS, but only at 2 percent for micro firms in manufacturing. Compared to manufacturing firms, the KIS firms further face lower competitive pressure, which matches with the observations that they are less active in international markets. The reduced competitive pressure also seems to lead to more companies in KIS than in manufacturing industries assessing their earnings situation as good. The share of service firms investing in the training of their employees is 65 percent, compared to 58 percent in manufacturing. In addition, almost 80 percent of firms in KIS report modern technical equipment, in contrast to less than 60 percent in manufacturing. This is in accord with the fact that investment cycles and necessary equipment are quite different between, for instance, a mechanical engineering firm and a consulting firm. Overall, Table 1 reveals that firms in the manufacturing and in the knowledge-intensive services differ quite strongly in several ways from each other.
Model
The CDM model
We start by briefly describing the CDM model (Crepon, Duguet and Mairesse 1998 ) in a variant proposed by Mairesse et al (2005) . This variant uses occurrence rather than the intensity of R&D engagement and innovation output. Thus, the strict selectivity issue concerning R&D and innovation intensity does not arise, for which Crepon, Duguet and Mairesse (1998) had to correct for in their specification The model breaks down the innovative process between a firm's decision to invest in R&D and its productivity into three recursive steps. The first step uses a probit model to estimate the probability of engaging in R&D. The R&D decision ( * ) of firm is modeled as:
where is the observed binary variable for R&D activities, * is an unobserved latent variable 16 that defines the probability of engaging in R&D, is a vector of determinants affecting firms' decision to undertake R&D investment and is the error term. If the unobserved latent variable * is larger than a certain threshold level , the observed will equal one and zero otherwise.
The second step models the "knowledge production" (Pakes and Griliches 1984) , which is the transformation from innovation input to innovation output, as follows:
(2) = 1,
where is the observed binary variable for innovation (as mentioned in section 3 regardless whether it is a product or a process innovation), * is the latent R&D decision 16 An asterisk denotes latent variables, while all other variables apart from the error terms are observed.
predicted in the first step, 17 contains further determinants influencing the knowledge production, and is the error term. The first two steps of the model are each estimated by means of a probit.
Using the predicted R&D decision from the first step takes into account that firms may engage in innovative effort without reporting R&D engagement, like the majority of micro firms. 18 It also helps to overcome the selectivity and endogeneity issue. Such an issue would arise if the innovative effort ( ) and produced knowledge ( ) were determined by the same unobservable firm characteristics. In such a case, and are (potentially positively) correlated and parameter would be (upward) biased. Using the predicted probability as instrument instead of the observed R&D engagement variable avoids the potential endogeneity bias, assuming that and are uncorrelated.
In its third step, the CDM model uses a productivity function that includes the predicted probability for innovation as a proxy of knowledge input. Using the predicted value seeks to alleviate the potential endogeneity issue with respect to innovation. The function to be estimated in the third stage is the Griliches (1979) production function, which is a plain Cobb-Douglas production function augmented by the knowledge stock.
In case of the CDM, this stock is replaced by the results from the second stage of the CDM approach, hence, the predicted probability for innovating. Thus, the respective estimation equation in logs is
is gross value added, is the labor input, hence − is labor productivity, is the capital input variable, * is the predicted probability for having innovation output, and is the observed error term. 19 Usually, additional control variables are also included in Eq.
(3), such as time or sector dummies. However, consistently estimating Eq. (3) is not trivial, due to the unobserved total factor productivity. Researchers can directly estimate an intercept, which is the average total factor productivity of all firms under the production function. But even in such an estimation, nevertheless, the observed error contains not only the true error term that captures the true measurement errors , but it also contains the firm specific total factor productivity ( ).
Because TFP is unobserved and, therefore, part of the error term , estimations are subject to the simultaneity problem first emphasized by Marschak and Andrews (1944) .
Simply put, while TFP is unobserved by research, firms know, or at least have a vague idea, about their productivity, thus they will choose all inputs accordingly. Consequently, the inputs are correlated with the error term as it contains the firm specific part of TFP and, in turn, estimated coefficients are potentially biased. Hence, even the use of cross sectional data does not avoid the simultaneity problem.
The productivity literature has a long history of dealing with this issue. 20 One approach is the structural model of Ackerberg, Caves and Frazer (2015) , which builds upon the seminal studies of Olley and Pakes (1996) and Levinsohn and Petrin (2003) .
The ACF model
The ACF model aims to split the observed error term so that the unobserved firm specific factor productivity can be "observed", thus one can control for it in the estimationsthese approaches are therefore referred to as control function approaches. Since 19 ′ replaces − 1 if labor productivity serves as dependent variable. 20 We refer to Ackerberg et al. (2007) and Aguirregabiria (2009) for a comprehensive overview. Levinsohn and Petrin (2003) , control function approaches utilize the assumption that an intermediate input demand function with certain characteristics exists:
= ℎ (•). Inter alia, it is assumed that such a function contains all observed variables relevant for material and TFP ( ), that the function is strictly monotonic in , and that TFP is the only unobserved state variable in that function (Ackerberg, Caves and Frazer 2015) .
Given these assumptions, the function ℎ (•) is invertable, which allows for replacing the unobserved TFP with a function of observables in the production function. Using Eq. (3) as starting point, this leads to:
(4)
has to enter if a sales production function is used. The function ℎ (•) is approximated by a polynomial as its functional form is unknown (Levinsohn and Petrin 2003) .
Even when controlling for TFP, the coefficients are not identified when estimating
Eq. (4), e.g. by means of OLS, because of the functional dependency between the regressors and ℎ (•), which also contains the regressors (see Ackerberg, Caves and Frazer 2015 for the proof). Nevertheless, estimating Eq. (4) dislodges the TFP from the error term , see Eq.
(3), and is needed as the first stage in the two-stage ACF procedure.
The identification strategy in the second stage relies on the assumption that TFP follows a first-order Markov process (Olley and Pakes 1996 , Levinsohn and Petrin 2003 , Bond and Söderbom 2005 , Ackerberg, et al. 2007 , Ackerberg, Caves and Frazer 2015 .
Hence, the firm's productivity expectation is derived from its past experience, contained in the information set , and a random productivity shock in that is independent of all past information. This model, formally = ( | ) + = ( ) + , can be approximated by a polynomial in of order . Following Petrin, Poi and Levinsohn (2004) , we set = 3, hence:
where ϵ is an error term that contains true measurement error and the unobserved productivity shock . Given Eq. (4), we infer from rearranging that function:
This rearranged function is substituted into Eq. (5), which is then estimated by means of GMM using the , as estimated in the first step, and starting values for the coefficients. 21
Identification further relies on timing assumptions regarding the firms' decisions for the different inputs. Since the seminal study of Olley and Pakes (1996) , it is assumed that the decision to invest is taken in − 1 but carried out in , which is why investment in is independent of the productivity shock . Ackerberg, Caves and Frazer (2015) show that the labor variable is correlated with . This holds even if labor is considered "less flexible" than material and when firms decide about labor before they decide about material, e.g. at − with 0 < < 1. As also shown, the decision for exploits only the information the firms possess at − 1 , which are in information set .
Consequently, , which was decided upon at − − 1, is not correlated with the productivity shock in . The same holds for the material variable. The use of the predicted innovation probability as an instrument for the observed innovation variable ensures orthogonality with . 21 Note that dummy variables for years, capturing cyclical effects, for legal form and for region, etc., are also included in the first step of the ACF procedure. The estimated is supposed to capture the error free output and should also be free of cyclical effects, etc., as these effects distort the input-output relationship as described by the production function. Thus, the predicted is corrected for cyclical and other structural effects.
Estimation strategy
Our estimation strategy reaps the benefits of both models. We analyze the relationship between R&D and innovation using the first two stages of the CDM model. This also allows us to overcome the data limitation that R&D is observed only every other year.
While most studies ignore the simultaneity issue of the production function estimation in the third stage, we make use of the ACF model instead.
We solve the endogeneity issue in the ACF approach with respect to R&D by using the predicted probabilities to innovate from the second stage of the CDM model. By using CDM results in the ACF model, we solve the selectivity problem regarding innovating firms that we would face if only ACF is employed. Note that we conduct the full multistage procedure separately for each group of firms. Thus, we allow for different production functions per size class and industry-group. We consistently use bootstrapped standard errors after the first step of the estimation procedure.
With respect to the production of innovation, we partly differ from the existing empirical literature. Given the short discussion in section 3 according to which it is difficult to differentiate between product and process innovation in KIS industries, our output variable of interest in the main estimation approach at the second stage of the CDM Model will be the likelihood of being an innovator. Consequently, we will also use the predicted probability of being an innovator as explanatory variable at the final stage of our estimation approach. Thus, we will not separate between the effects for product and process innovation. These separate effects will then be estimated in the robustness checks.
As of the control variables at the three stages, we follow the existing literature on the CDM model and control for variables that may also influence the knowledge production (for an extensive discussion see inter alia Hall and Sena, 2017) .
Econometric Results
We run separate regressions for the sample of manufacturing and knowledge intensive service (KIS) firms, subsequently distinguishing the KIS firms between micro firms (less than 10 employees) and larger firms (with 10 to 249 employees). This allows us to investigate differences between sectors and size classes within the KIS sector. 22 In each of the following three sections, we first present findings with respect to the full samples of manufacturing and KIS firms before pointing to differences within the KIS sector. where we employ dummies for firm size and firm age with large sized firms and mature firms (firms with an age above 20 years) being the reference group.
First stage -innovative effort
We observe a notable difference for the size class dummies in the estimations of the two samples. The negative effect of the size class dummies is always significant in the manufacturing sample, indicating that firm size is positively related with the decision to start an R&D engagement, while it is almost never significant for KIS firms, with the exception of the very small firms with 1-4 employees. Given that marginal effects are considerably smaller among KIS firms, we can exclude that the insignificance results from a smaller sample size in this sector. This points to an important effect: there is a significant difference in R&D decisions between the two industries in that firm size is less relevant in services.
manufacturing, young and mature firms start with similar probabilities R&D activities, young firms in KIS industries have a higher likelihood of engaging in R&D than firms that are for 20 years or more in the market. We observe several similarities between the two industries. First, the positive and statistically significant coefficient of internationalization suggests that having an international orientation is associated with a higher propensity to engage in R&D. This holds across all firm sizes in the sample, with the positive effect of exporting being more pronounced in the SME subsample of KIS firms compared to their smaller counterparts.
Second, a positive and statistically significant relationship is also found to exist between firms with a limited liability structure and the likelihood of R&D engagement. This variable may capture aspects such as a firm's creditworthiness.
Beyond these, no other observed variables unfold significant effects on the probability of engaging in R&D, be it the variable indicating group affiliation, strong competition or a good profit situation. The lack of a significant effect of a positive profit situation is worth being highlighted; it may be interpreted in the sense that firms make R&D efforts due to strategic decisions. Overall, while the rest of variables are found to be quite similar between the two industries, the near absence of a firm size effect in influencing R&D engagement of firms in knowledge-intensive services is striking. Table 3 provides results for the second stage of the model, which estimates the likelihood of a firm being an innovator (the knowledge production function, Eq. (2)), i.e. having introduced a product or a process innovation. Here the predicted values of R&D engagement from the first step are used to correct for endogeneity. In order to take into account that we use the predicted probabilities of the R&D variables, we compute bootstrapped standard errors with 100 replications. 23 To do so, the two probit models for R&D engagement and innovation output are estimated sequentially on 100 random samples drawn from the data with replacement. Pseudo R2 0.111 0.122 0.111 0.099 Note: Clustered s.e. at the firm level in parentheses. Reference groups: medium-sized firms, age class ≥20 years, *Significance at p < .05 level, **Significance at p < .01 level.
Second stage -knowledge production
The first two columns include the entire sample of firms separated for the two sectors. As the positive and statistically significant coefficient of R&D engagement shows, the central tenet of the knowledge production model holds. Firms engaging in R&D exhibit a higher likelihood of being innovative in both manufacturing and knowledge-intensive services. As the next two columns show, this holds for larger firms, and also for micro firms in the KIS industries; even if the marginal effect for micro firms is half that of SMEs. Interestingly enough, among micro firms the skills variable seems to "compensate" for the lower marginal effect of R&D on the probability of innovation:
highly skilled employees unfold nearly the same marginal effect on the probability of introducing at least one innovation as does R&D engagement. For SMEs, highly skilled employees are a much less powerful predictor of innovation.
The second striking result when comparing manufacturing with KIS-industries concerns again firm size. The coefficients of all firm-size class dummies are negative and statistically significant for manufacturing, suggesting that in this sector, even after controlling for R&D engagement, firm size tends to be positively related with the likelihood of innovating. When the likelihood of innovating is estimated for knowledge intensive service firms, the coefficients of the dummy variables for the different firm size classes are almost never statistically significant. For knowledge intensive service firms, it seems that firm size does not adversely influence the likelihood of innovative activities;
again except for the very small firms with less than five employees.
There are similarities between the two sectors. The positive and statistically significant coefficients of skilled labor, technical state of equipment, and for training in both sectors are consistent with the knowledge production model in that they suggest that a higher amount of inputs generating knowledge results in a greater likelihood of innovative activity. This also holds for the KIS sector, even if these variables are not significant for the SME size class, probably because variation for firms with employees between 10 and 249 employees is low, nearly all KIS firms in the SME size class appear to be equipped with the newest state of apparatus and offer training (Table 1) .
Finally, one important result with respect to young firms should be highlighted: the positive, and for KIS firms statistically significant, coefficient of the age class dummy variables for young firms implies that firm age and the likelihood of innovating are negatively related. Young firms are more likely to innovate successfully than mature firms in the KIS sector are. Looking more deeply into KIS-industries, we observe that the age class variable is only significant for micro firms. This would suggest that, after controlling for R&D engagement and other investments in knowledge such as skilled employees, training, technical equipment and investment, young firms enjoy an innovation advantage vis-à-vis their mature counterparts only among micro firms in these industries.
Third stage -productivity
The production function estimation is conducted using the ACF model as described in section 4.2. Given the data, we employ a sales production function with the log of revenue per employee used as the dependent variable. We do not impose the assumption of constant returns to scale, therefore keeping labor in the estimation. Note that cyclical effects on sales, sector differences, regional differences as well as differences due to age are accounted for in the first stage of the ACF procedure. The predicted probability of being an innovating firm from the second stage of the CDM model serves as innovation variable. The actual estimation is conducted by means of GMM (General Methods of Moments). Given the model outlined in section 4.2, the following set of instruments is
The results of the production function estimations are presented in Table 4 . 25 Columns 1 and 2 display the results for manufacturing and knowledge intensive service, columns 3 and 4 show the effects for micro and small firms in the KIS sector, respectively.
As one would expect, labor has a much stronger effect in service firms than in 24 Alternative specifications with additional instruments, such as or * lead to roughly similar results. However, in such cases, the model is over-identified and, thus, the p-value of the Hansen-Test is not always larger than 0.1. 25 For comparison, the results of the standard CDM, i.e. with OLS in the third stage, are shown in Table  A .3. The respective coefficients for innovation are slightly higher with OLS. The same holds for the labor and the capital coefficients. In addition, the latter is always significant when estimating the production function with OLS.
manufacturing firms. 26 At the same time, investment in physical capital is insignificant for micro firms in the knowledge-intensive services. With respect to innovation, our main variable of interest, we find in comparison to firms that do not innovate that innovating firms are causally able to increase their labor productivity. More specifically, if the probability to innovate increases by one percent, labor productivity increases by 1,1 percent for all firms in KIS (column 2). This result is in line with earlier research, for instance by Hall, et al. (2009) for Italian manufacturing firms.
Robustness Checks and Limitations
In our main estimation, we examine the effect of being an innovator instead of differentiating between product and process innovation. This procedure reflects the difficulty of clearly distinguishing between these two kinds of innovation among KIS firms. Nevertheless, in the robustness checks, we disentangle the effects of product and process innovation. In line with Hall, Lotti, and Mairesse (2009) and Baumann and Kritikos (2016) we estimate process and product innovation output in a bivariate probit model, taking into account the assumption that both are determined by the same firm characteristics. Table 5 presents the results for the second stage, the knowledge production function differentiated for product and process innovations. It shows that R&D engagement increases the probability of being innovative for both types of innovation. Similar to manufacturing, the marginal effects for product innovation are higher in the KIS industries than for process innovation. More importantly, it becomes clear that the age class dummy is only significant for product innovation: young firms are more likely to create a new product than are mature firms. One effect should be emphasized: The larger micro firms, with 5 to 9 employees, are able to transform innovation inputs into outputs with a similar likelihood (see column 3 in Table 3 ), but this does not hold when we estimate for product and process innovations separately. In other words, compared to their larger counterparts, micro firms are less likely to turn innovation inputs into new products.
By contrast, small firms (10-49 employees), are not adversely influenced by their size in comparison to medium sized firms when it comes to the likelihood of turning R&D investments into new products. Table 6 presents the results of the third stage of the innovation process, the production function, again estimated (as for Table 4 ) with the ACF approach. Disentangling the influence of product and process innovation on labor productivity confirms a well-established effect that is found in many empirical papers on manufacturing. While the positive influence of the predicted probability of a product innovation on labor productivity is highly significant, the effect of process innovation on labor productivity is insignificant. 27 As Table 6 reveals, this also holds for knowledge intensive services. Overall this robustness check confirms our main results and provides a clear answer to our main research question: KIS firms benefit from investments into R&D in the sense that their innovation outcomes causally increase their labor productivity.
Our analysis still faces a number of limitations that we will subsequently address.
These limitations are mainly data driven. First, we are able to use only a dichotomous variable to measure R&D effort. As has been shown by Mairesse, Mohnen and Kremp (2005) , such a dichotomous variable has less explanatory power than a continuous one.
There is little that we can do about it, given our data. However, using qualitative information on R&D also has an advantage against censored quantitative information, namely, as Mairesse, Mohnen and Kremp (2005) clarify, that we do not have to account for the strict selectivity issue concerning R&D and innovation intensity for which Crepon, Duguet and Mairesse (1998) have to correct for in their specification.
Secondly, the measurement of innovation output remains rudimentary in two ways.
Innovation output is still restricted to product and process innovation, although other types of non-technological innovations are receiving more attention, such as organizational innovation, marketing innovation, business model innovation, and social innovation. This becomes even more important as earlier research found contradicting evidence about the extent that non-technological innovation has an effect (Peters, Riley, et al. 2018) or "clearly has no" effect on productivity (Musolesi and Huiban 2010, 76) .
Future research, therefore, needs to better differentiate between technological and nontechnological innovation outputs.
Another measurement issue concerns the fact that according to the CIS manual, innovation output is measured as a dichotomous variable. As larger firms tend to have more R&D activities than smaller ones, they should also be more likely to realize a higher number of innovative outcomes than smaller firms. Therefore, the knowledge production function estimates for the measures of firm size might be biased.
A last data limitation of this study concerns the lack of information on firm capital stock. This, however, is a common shortcoming in the literature (see inter alia Griffith, et al. 2006, Hall, Lotti and Mairesse 2009 ). Most research faces this issue and thus uses investment to proxy for the capital stock. We follow the literature by also making use of information on investment. 28
Discussion and Conclusions
Most previous studies addressing the relationship between innovation and productivity either focus on the manufacturing sector or simply aggregate all industries across all observed sectors. Less is known about the role of innovative activities outside of manufacturing. Therefore, this paper analyzes the triad relationship between innovation input, principally R&D engagement, innovation output, and its impact on productivity in a non-manufacturing context -the knowledge intensive services (KIS). By using a database including both knowledge intensive service firms and manufacturing firms, this paper is able to explicitly probe whether services are different from manufacturing in terms of what influences firm innovation.
Using a broad and comprehensive database consisting of micro-, small-, and medium-sized firms in both sectors in Germany, the first important finding of this study is that, knowledge intensive services are able to generate innovative output by investing in R&D as is consistently found for manufacturing. To answer our second question, we incorporated the structural model of Ackerberg, Caves and Frazer (2015) into the third stage of the model of Crepon, Duguet and Mairesse (1998) . We provide evidence that firms in KIS industries as well as in manufacturing firms are causally able to turn their innovation output into higher productivity.
Further results of this study suggest that the innovative activities of KIS firms do not simply mirror that of their manufacturing counterparts. First, a smaller share of knowledge intensive service firms formally invest in R&D than in manufacturing. At the same time, while a small firm size places a distinct burden on the innovation performance of manufacturing firms, the inherent size disadvantage confronting small firms is apparently less severe for knowledge intensive services. Even after controlling for R&D engagement in the likelihood of firm innovation, as well as for innovative activity in estimating firm productivity, the empirical results suggest that the role of firm size in innovation is for knowledge intensive services decidedly different from manufacturing firms. Both small and micro firms are willing to engage with similar probabilities in innovation activities (R&D) as are medium sized firms, with a relatively similar ability of transforming innovation inputs into innovation output. We also find that age effects are important, which are more relevant for the KIS sector than for manufacturing. In particular, young micro firms are better able to turn innovation inputs into new knowledge than are mature firms.
Other variables positively influence the probability of innovation output as well, with these variables exerting an influence irrespective of sector and firm size. Among other influences, innovation is sparked more frequently when the equipment is up to date as well as when firms have a higher share of employees who are trained and highly skilled, the latter being especially relevant for micro firms.
Overall, our findings have important policy implications. Policy needs to be cognizant that sweeping generalizations about promoting R&D, innovation, and productivity, across all types of firms and sectors may be less efficient. Rather, the relationships between R&D, innovation, and productivity are specific to the firm size and industry context. This suggests that policy efforts to stimulate innovation need to be sensitive to both aspects. Consider as one example the fact that the majority of micro-and small-firms in KIS industries -although successful innovators -do not formally budget for R&D. At the same time, Germany for instance is discussing the possibility of introducing tax credits for R&D investments, a benefit that exists already in a number of other countries. In this context, politicians emphasize that these benefits will be designed in a way to specifically help MSMEs in their innovation efforts, because these are said to refrain more strongly from R&D investments than larger firms. However, such tax benefits for R&D, because they do not formally employ R&D workers.
Future research should further analyze what kind of knowledge production is used
and what kind of knowledge transfer is applied in those firms that do not invest in R&D activities, but successfully innovate. At the same time, research and policy need to ask what kind of instruments successfully incentivize MSMEs to become more innovative.
For this, it is important to determine to what extent MSMEs currently refrain from formal innovation activities (see also Hottenrott and Peter 2012) . Is it that they perceive these activities as too risky or is it that MSMEs would like to innovate but are not able to do so because they face financing constraints and lack external funding. 
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